. To investigate trends in fire across a wide range of ecosystems, we used Bayesian inference 6 to quantify four primary controls on burnt area: fuel continuity, fuel moisture, ignitions and anthropogenic suppression. We found that fuel continuity and moisture are the dominant limiting factors of burnt area globally. Suppression is most important in cropland areas, whereas savannahs and boreal forests are most sensitive to ignitions. We quantify fire regime shifts in areas with more than one, and often counteracting, trends in these controls. Forests are of particular concern, where we show average shifts in controls of 2.3-2.6% of their potential maximum per year, mainly driven by trends in fuel continuity and moisture. This study gives added importance to understanding long-term future changes in the controls on fire and the effect of fire trends on ecosystem function.
Fire-prone tropical ecosystems account for 78% of global burnt area, despite covering just 16% of the land surface 7 . Consequently, changes in these fire regimes have a disproportionate effect on trends in global burnt area. Contribution from less fire-prone ecosystems to the global signal is less certain. Given the importance of multiple bioclimatic controls in limiting fire, it is difficult to distinguish any dominant driver 2, 8, 9 . To determine what drivers act in these areas requires an assessment of the interplay of different controls on burnt area, which may also highlight potential shifts in fire regimes not detectable via trend analysis of burnt area alone.
Fire danger indices can be used to quantify the influence of trends in climate on fire weather 10, 11 , providing policy-relevant information for fire management 12 . However, they often exclude the effects of fuel dynamics, ignitions and human activity. It can be hard to relate indices to observable fire variables useful in global analyses 13 . Fire-enabled terrestrial biosphere models can account for these drivers 5, 13, 14 . However, most terrestrial biosphere models fail to reproduce trends in fire reliably. The models even disagree on basic spatial patterns and magnitudes of burnt area 1,2 due to missing descriptions of key anthropogenic processes suppressing fire and an imbalance in the relative strength of bioclimatic controls 2, 8, 15 . Conversely, studies aimed at determining the strength of human and bioclimatic influences on burnt area from observations often correlate individual drivers with burnt area in isolation 2, 16 and so do not consider the complex interaction of multiple drivers. This has led to calls for frameworks that fuse statistical representations of fire drivers with modelling techniques that consider such interactions 17, 18 . One such technique is the 'resource gradient constraint' framework 16, [19] [20] [21] , which applies changes in climate drivers to a static representation of vegetation 19, 20 . However, this approach relies on either invariant or modelled fuel controls, often through the interpretation of changes in moisture drivers. With this in mind, Bistinas et al. 15 used generalized linear modelling to quantify the relative strength of human and bioclimatic drivers in the presence of all other drivers, thereby allowing climate, biotic, ignition and human drivers a more causal influence on burnt area. Using a similar technique, Kelley 7 mapped the relative limitations imposed by fuel load, fuel moisture and ignitions controls for Australia by selecting one key driver from Bistinas et al. 15 for each control. This was then developed to incorporate multiple drivers into each of these three controls 20 and expanded globally with the inclusion of a fourth control-human suppression 8 .
Here, we assess trends in four controls of burnt area to identify changes in global fire regimes. Controls combine burnt area drivers identified in refs. 8, 15, 16, 20 or drivers that are used widely by the global fire modelling community 19, 22 . The four controls consisted of: (1) fuel continuity (referred to as 'fuel'), which increases burnt area, is driven by vegetation cover and is a fine fuel accumulation proxy 16, 19, 20 ( Supplementary Fig. 1 ); (2) moisture, which decreases burning and combines proxies for live and dead fuel; (3) natural and anthropogenic potential ignitions (ignitions), which increase burning; and (4) anthropogenic suppression, which decreases burning and is driven by population fire suppression and land-use fragmentation. Supplementary Table 1 and Supplementary Figs. 2 and 3 contain information on drivers and data sources. Burnt area in our model is reduced according to the strength of each of these controls ( Fig. 1 ; see Methods), an approach followed by most global fire models 22 . Controls, along with the contribution of each driver to their controls, were optimized against 2000-2014 monthly burnt area observations from the fourth-generation global fire emissions database including small fires (GFED4s; ref. 23 ) using iterative Bayesian inference 6 allowing us to quantify the uncertainty of the resultant parameters and control contribution.
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Our reconstructed burnt area reproduces the magnitude and spatial extent of annual burning and associated trends, with relatively little spread accounting for parameter uncertainty (Supplementary Table 2 and Supplementary Fig. 6 ). We reproduce the maximum burning at intermediate fuels and moisture due to covariance in optimized fuel and moisture controls 14, 19, 24 , with a reduction in burnt area at fuel continuities greater than 60% and moisture of less than 5% (Supplementary Fig. 7 ). Low population densities only increase burning at specific times of the year and in just a few areas (8.76 ± 6.96% of land coverage); they always decrease burning in areas with low or no suppression from cropland ( Supplementary Fig. 8 ). Population densities above 288 ± 145 people per km 2 reduce burnt area by 50%. The effect of suppression also increases rapidly at low cropland cover, limiting burnt area to 50% at 10.36 ± 0.12% cover.
Globally, fuel has the largest mean (or 'standard') limitation (points along the curves in Fig. 1 ), followed closely by ignitions when considered in isolation from other controls ( Supplementary Fig. 9 ), as is standard in many control studies 7, 8 . However, burnt area only increases by 3.48 ± 0.05% if ignition limitation is removed due to the presence of the other controls-much smaller than the increase in burnt area from removing limitations from fuel (21.36 ± 0.84%), moisture (9.82 ± 0.07%) and suppression (4.51 ± 0.01%) (Supplementary Table 3 ). We define this measure of determining control strength as the 'potential limitation' (Fig. 2a) . In arid ecosystems, ignitions show a substantial and significant standard limitation due to little human impact or lightning (Supplementary Table 3 ). However, as there is not any fuel, the introduction of ignitions has no effect on burnt area. Conversely, increasing vegetation cover would lead to a small but substantial increase in fire, given the lack of burning. The difference between standard and potential limitations is even more important in boreal regions, where the standard misses the distinction between moisture-limited Northern Europe, western Siberia and southern Canada, and ignition-limited eastern Siberia, Alaska and the Canadian tundra. Rainforests show highly variable and occasionally substantial standard fuel limitation (Fig. 2  and Supplementary Table 3 ) due to variations in herbaceous cover ( Supplementary Fig. 2) ; this is a possible consequence of differences in canopy gap frequency effects on understory vegetation from variations in topography, soils and disturbance 25, 26 . This variation in forest fuel becomes less important when considering potential limitations due to the strength of moisture controls.
More relevant for potential short-term changes in burnt area is its 'sensitivity' , or rate of change, given a small change in a control. We attributed changes in burnt area over our study period to trends in these sensitivities by calculating the annual average difference between burnt area reconstructed with and without the trends in each control (see Methods). While we were able to test the sensitivity 
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NATure CLimATe CHANge of burnt area to ignitions as a whole, changes in lightning ignitions were not incorporated into our assessment of trends in controls because of data availability. During the fire season, burnt area in most tropical savannahs is unconstrained except occasionally by human suppression ( Supplementary Fig. 9c,d ). However, these ecosystems show the highest sensitivity to human suppression (Supplementary Fig. 9f and Supplementary Table 3 ) which, due to increases in cropland and population density 2 , are attributed as the main cause for their recent, rapid decline in burnt area (Figs. 3c-f and 4). This is slightly offset by population-driven increases in ignitions which savannahs are also sensitive to. Our results also indicate increases in suppression in tropical wet forests, particularly in Indonesia ( Fig. 3 and Supplementary Fig. 10 ) and in the southern end of the Amazon arc of deforestation, where changes in fire have already been attributed to a shift in agricultural practices from pasture to cropland 27 ( Supplementary Fig. 3 ). Conversely, suppression decreases in areas of land-use recession and reforestation in Mediterranean and temperate areas throughout North America and Europe 28 . Fuel and moisture trends are more important than direct human influence in most parts of the world (Fig. 5) . Increases in vegetation cover decrease fuel limitation in arid and semi-arid ecosystems, affecting 75 ± 2% of all Mediterranean and desert ecosystems and 63 ± 6% of tropical savannah (Fig. 4) . Drying conditions are causing a shift in the Kazakhstan/Russia fire zone, with Ural/Siberian boreal forests to the north becoming drier and more susceptible to fire, and sparser vegetation cover reducing fire in Kazakhstan (Fig. 3c) . Boreal and temperate forests in North America and Central Europe show a change in moisture control of a similar magnitude that leads to lower fire incidence. In some areas of the Siberian boreal region, increases in fuel from increased vegetation cover coincide with decreases in moisture-both possibly driven by increases in temperature due to the accelerated warming at high latitudes 29 ( Supplementary Fig 2) . Likewise, increased vegetation cover in dry grassland and shrubland areas of Central Australia, South Africa and South America show increased fuel, sometimes alongside decreasing moisture. Reduced moisture limitation in China's tropical and warm temperate forests are compounded by a retreat in cropland cover, reducing suppression and increasing fuel ( 
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In most other non-arid ecosystems, fuel trends correlate with moisture. As fuel and moisture have opposing effects on burnt area, their trends dampen each other's effect on changes in burnt area ( Supplementary Fig. 7 ). There is, therefore, a potential for a shift in controls on fire of a greater magnitude than identified through changes in burnt area alone. We used both the absolute change (light) and 10% (heavy) of the mean change. c-f, Areas with a shift in fire regime equivalent to >50% in at least one control driver are coloured either grey or as follows: cyan for increased fuel and moisture or red for decreased fuel and moisture (c); yellow for decrease in fuel moisture or blue for increase in moisture (d); lime green for increased continuity and decreased moisture or violet for decreased fuel and increased moisture (e); green for increased fuel continuity or purple for decrease in fuel (f). Increased/decreased ignitions are represented by darker/lighter colours and increased/decreased suppression is represented by upward/downward arrows, respectively. Percentages in the legend indicate the land area of significant regime shift covered by each fuel and moisture driver combination, and the highlighted numbers give the breakdown for increase, no change or decrease in ignitions. Individual control trends can be found in Supplementary Fig. 10 .
in burnt area over mean burnt area (Fig. 3a) and how much each control deviated from its trendless 'potential' as a percentage of maximum deviation (Fig. 3b) as indices of fire regime shift. This quantifies the total change in burnt area that would be masked by the actual mean (Fig. 4) . Globally, fire controls showed a shift of 26.88 ± 0.35% during our study period; almost twice as high as the 14.23 ± 0.48% trend in burnt area (Figs. 4 and 5 ). Despite the focus on the contribution of tropical savannah to the trend in the global burnt area 2 , forests are much more susceptible to a shift in regime, with an average shift in absolute burnt area of 0.88-0.96% in savannah compared to 1.10-1.80% yr −1 across forests. Changes in controls highlight an even greater shift in burning in forests, with a mean of 2.34-2.42% yr −1 for temperate and boreal forests and 2.31-2.58% yr −1 for tropical forests. At least 10% of all ecosystems excluding the driest show at least 50% of the maximum possible shift in controls over the study period.
Although some of our results provide evidence of emergent 'resource gradient constraints' 16, 18, 19 ( Supplementary Fig. 7 ), 41% of areas with significant regime shifts would either not be captured by this hypothesis or, by necessity, be attributable to a climate driver, either from positively correlated changes in fuel and moisture controls (Fig. 3e) or independent shifts in fuel alone (Fig. 3f) . This demonstrates that controls should be explicitly separated out to attribute fire trends 20 . Our results may be used to inform terrestrial biosphere models development and improve their representation of fire, particularly for trends in burnt area. We show that suppression of burnt area by cropland is much greater than the cropland's own extent, suggesting that landscape fragmentation is an additional mechanism of greater importance than the homogenous cropland representation in most vegetation-fire models 22 (but see ref. 30 ). Another important result is that suppression from population density is dramatic, drawing attention to the lack of representation of this effect in standard models 22 . Many recent global fire model developments have focused on the correct representation of fuel and moisture controls 14, 22, 31, 32 , arguing that ignitions are less important when reproducing global burnt area 7, 8, 15 . Our results partially support this hypothesis-areas of ignition limitation tend to occur in areas of even more severe fuel limitation and have a much smaller 'potential' limitation than other controls. However, we also show that many savannahs and boreal forest areas are sensitive to small changes in ignitions, where levels of burning are important vegetative controls. The correct representation of ignitions is therefore still crucial for simulating and assessing changing fire regimes under changing climate, land-use and population growth, and projected increases in lightning 33 . It is possible that a more regionalized approach might provide an improved fit to observations of burnt area 34 but the performance of our global framework (on the basis of globally invariant parameters) has been shown to be robust and achieves our objective of simulating the drivers of fire occurrence and frequency, and thereby predicting burnt area statistics within reasonable error. Modelling the effects of fire on vegetation itself, including mortality and recovery, carbon allocation for resilience and/or recovery and the effect on resultant vegetation distributions is largely unconstrained at coarse global scales 22, 32 ; it would also benefit from studies exploring fire-vegetation effects 17, 18 . We have demonstrated that recent trends in fuel, moisture and suppression controls result in dramatic shifts in burnt area over much of the world. Some of our estimates for trends in fuel and moisture controls could be a consequence of decadal climate variability and may change over a longer period. This study could also be applied to explore how fire regimes might evolve under future climate change 18 , particularly when considering temperature targets set by the Paris agreement which, despite being loosely on the basis of perceived widespread ecological and socio-economic thresholds, did not explicitly include changes in fire regime when constructed 35 . 
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Methods
Modelling framework. Monthly burnt area (F) was calculated as a product of limitations imposed by four controls: fuel (dis)continuity (w) represented by vegetation cover, scaled by maximum 12-monthly plant available moisture anomaly (
, where α is the ratio of actual to potential evapotranspiration); fuel moisture (ϖ) represented by α, fractional tree cover and atmospheric drying potential; ignition availability (ig) represented by lightning strikes, population density and pasture cover; and direct human suppression (s) represented by cropland and population density ( Supplementary Fig. 2 ). Each control was expressed as a linear combination of its respective drivers and represented by a simple logistic curve ( Fig. 1) :
where f(x) is the limitation imposed by control x (where x takes one of w, ϖ, ig, s) and F max is a maximum permitted monthly burnt area used to aid our model optimization. Variable x 0 is the value of control x when it imposes a limitation of 50% on burnt area (that is, f(x) = 0.5) and k is the steepness of the logistic curve, equal to one-quarter of the gradient at x = x 0 . We used the logistic function to describe controls on burnt area because logits are restricted to the [0,1] domain; this conveniently allows for a product of terms that proportionally modify the key variable of burnt area. We considered k > 0 for liberative controls w and ig, where burnt area increases with the control, and k > 0 for suppressive ϖ and s, for which burnt area decreases. As fuel control is liberative and moisture is suppressive, and as the effects of these controls tend to be anticorrelated, our framework replicates the unimodal relationship with burnt area (Supplementary Fig. 7 ) previously identified along moisture or production gradients 14, 19, 24, [36] [37] [38] . With the exception of w, each control was represented by a combination of drivers (x i ) weighted by their respective influences (v i ). Where possible, units are consistent across drivers in each control, and so the combined drivers were normalized to maintain these units:
Variable w was represented by total fractional vegetation cover (C; ref. 39 ). Variable C is only provided on an annual timestep; there are some months in savannah and shrubland areas with very large burnt areas at low annual average vegetation fractions (Supplementary Fig. 1a ). This coincides with areas that experience very short periods of increased available moisture ( Supplementary Fig. 1b) , probably due to rapid accumulation of fine, flammable fuel loads during a year of seasonal water availability, where a given vegetation fraction is likely to contribute more to fuel continuity than the same, evergreen, fraction in non-seasonal areas [40] [41] [42] . To capture the effect of seasonal variations of moisture on semi-arid ecosystem vegetation cover, we weighted C by the maximum α anomaly over the previous 12 months including the current month (α max ), normalized by the annual mean from the previous 12 months (α mean ). This follows similar seasonal water availability metrics used as a proxy for fuel load in other studies 16, 20, 43 . Variable α was calculated from Climate Research Units (CRU) TS3.23 cloud cover, temperature and precipitation 44 using the STASH model 45 ( Supplementary Fig. 2 ). Fractional cover was also raised to a power (p) to account for saturation for high coverage:
where v is an optimized weighting parameter. Both C and αmax αmean À 1 I can be expressed as percentages; as with equation (2), the denominator means that the fuel controls is also a percentage.
Variable ϖ is a combination of live fuel, dead fuel drying potential and the effect of the canopy on atmospheric moisture content. Live fuel moisture is represented by α. Dead fuel drying potential follows Kelley et al. 32 using CRU TS3.23 relative humidity, temperature, wet days and precipitation 44 . MODIS vegetation continuous fields fractional tree cover 39 was used as a proxy of canopy effects on moisture. As α, fuel drying potential and tree cover are all expressed as percentages, combining them using equation (2) means that our moisture control is also a percentage.
Variable ig combines natural ignitions from climatological LIS/OTD lightning flash counts 46 , with intercloud flashes removed using the technique described in ref. 32 and human-caused ignitions represented by HYDE v.3.1 pasture cover and population density 47 . Variable s combines HYDE population density and cropland 47 . As population density contributes to both liberative and suppressive controls, we were able to test and reproduce the humped relationship between fire and population 1, 21, 31, 48 by explicitly representing both of its effects on ignitions and fire suppression (Supplementary Fig. 8 ). Splitting population between ignitions and suppression allows a more causal representation of population on fire than in previous studies 15, 20 . However, population density and our land-use drivers still represent more complex mechanisms that could cause a decrease, such as, for example, in burnt area when population is increasing as a result of multiple drivers (a more fragmented and managed landscape, active suppression efforts or an increase due to human accidental/deliberate ignitions or control burns).
All variables were resampled to the coarsest (and most common) resolution of 0.5° using the r raster package 49 , with the exception of vegetation continuous fields, where tiles were merged and resampled to 0.5° using gdal (ref. 50 ). Fractional cover and HYDE variables were interpolated from an annual to a monthly timestep. LIS lightning 12-month climatology was recycled each year. Equations (1)- (3) constitutes our predictive burnt area model, with 17 unknown parameters that were optimized using a form of heuristic search technique. Parameters are global and therefore the contribution of each driver to a control depends solely on the value of that driver in a given location and time. However, drivers can still affect burnt area in different locations depending on the relative strengths of each control.
Bayesian optimization. The model framework was optimized against the GFED v.4 (ref.
3 ) with small fires 51 dataset (GFED4s; ref. 23 ) for the period July 2000-June 2014 (the common years among all datasets) using Bayesian inference. Bayes's theorem states that the likelihood of the values β of the unexplained parameter set-that is, all -k,x 0 and F max in equation (1), v i in equation (2) and p,V in equation (3)-given a set of observations X, is proportional to the prior probability distribution of β (P(β)) by the probability of X give β. Therefore,
No prior knowledge of the parameter values were assumed and bounded uniform priors were used for all parameters, that is, bounds that were only physically plausible but generously large 6 . For the sake of simplicity, the model error was defined as normally distributed:
where i represents an individual data point, y i is the GFED4s burnt area observation, σ is the standard error and N is the observation sample size. Given that the sample size is relatively large, the likelihood information dominated over the priors, such that the optimization reduced to a maximum likelihood problem. Consequently, inferring the posterior solution was a case of minimizing equation (5). The posterior solutions were inferred for the models' parameters using a Metropolis-Hastings Markov Chain Monte Carlo step, running five chains with 10,000 iterations 52,53 each over 10% randomly sampled data points on a 0.5°, monthly timestep for 14 yr; this represented a sample size of 2,314,512 data points. The logistic representation on controls, equation (1), is particularly well suited to inference using Monte Carlo sampling, as it avoids pathologies in the posterior space that become computationally unreasonable. Unless otherwise stated, the analysis was conducted on a posterior solution constructed by sampling 100 parameter ensemble members from the last 5,000 iterations of each chain. The final parameter values and distributions are shown in Supplementary Fig. 4 .
Standard, potential and sensitivity to limitation. Using the same logistic function for all controls allowed comparison of the strength of different measures on effect and trends across all controls. 'Standard' limitation refers to the limitation imposed by each control under otherwise ideal burning conditions and was defined as 1 -f(x) (point along the curve in Fig. 1 ). 'Potential' limitation (p i ) for control i was defined as the potential increase in burnt area if the limitation imposed by a control is removed, in the presence of other controls:
(that is, the product of all fire controls excluding the one being considered). In Supplementary Table 3 and in the text, the potential increase from the removal of a control is simply the difference in potential limitation and reconstructed burnt area (p i -F). The sensitivity to limitation (S i ) was defined as the change in burnt area (G) relative to the maximum rate of change in burnt area for that control (that is, when x = x 0 ), weighted by the potential limitation for that cell:
Framework assessment. The Bayesian inference model contains a framework error parameter that describes the s.d. of reconstructed fire from GFED4s observations. This was normalized by GFED4s observed deviation to help interpret the deviation between observations and each parameter combination. This is similar to the normalized mean squared error benchmarking method described in ref. 54 but for each month rather than an annual average. As recommended by the fire modeling intercomparison project (FireMIP) 55 , we also used the non-square metrics from ref. 54 to assess each parameter combination's ability to reconstruct the annual average burnt area and spatial trends in burnt area. The difference between reconstructed annual average burnt area from a given parameter set (sim) and observed (obs) was assessed using the normalized mean error (NME) metric, which sums the difference over all cells (i) weighted by cell area (A i ) and normalizes by the average distance from the mean of observations (obs I ):
NME comparisons were conducted in three steps:
(1) As described in equation (8) without modification (2) With obs i and sim i taking the difference between observations or simulation and their respective means, that is,
, removing systematic bias and describing the performance of the model around the mean (3) Then obs i and sim i from step (2) were divided by the mean deviation, that is,
. This transformation removes the influence of the variability and describes the models' ability to reproduce the spatial pattern in burnt area.
The trend in burnt area was assessed on a 12-month running mean to remove seasonal effects. As burnt area assumes values in the standard unit interval [0, 1], a logit transformation was performed on both simulated and observed burnt areas to assess trends relative to the annual average burnt area, taking into account maximum or minimum possible burnt area bounds. This removes model error in spatial patterns already assessed by equation (8) from our assessments of trends. Furthermore, as burnt area can take extremes of 0 and 1, an initial transformation was required so that bounds become (0, 1):
where x is burnt area and n is the number of timesteps, in this case 168 months. The burnt area trend was calculated for each grid cell using a simple linear regression model:
The differences in dx dt I between observations and simulation were compared using NME to assess spatial variations in temporal trends in equation (8) . Non-significant trends in the observations (P > 0.1) were not compared.
The smaller the NME score, the closer the simulation to observation, with a perfect score (simulation that perfectly matches observations) of 0. Three null models were used to help interpret the score. The mean null model is the score obtained by comparing the mean of all observations with the observations. As NME is normalized by the mean difference, NMEs mean null model score is always 1. The best 'single value' model was obtained by comparing the median of observations to observations and its score is by definition less than or equal to the mean model score for NME. The randomly resampled null model compares randomly resampled observations (without replacement) to the observations. As the score obtained was different depending on resampling order, 1,000 bootstraps were used to describe three randomly resampled null models: the mean randomly resampled score and ±s.d. of our bootstrap. Randomly resampled bootstraps were almost always worse than the median and mean null models.
Our reconstructed annual average burnt area obtained an NME score of 0.60-0.63 versus GFED4s and 0.73-0.78 against other FireMIP benchmark datasets (Supplementary Table 2 ). This outperformed all null models and is better than published assessments of other global vegetation-fire models using the same comparison method 22, 36, 48, 54, 56 , although most of these are driven by simulated vegetation and fuel. Similar scores for steps (1) to (3) of the NME comparisons suggests our spatial pattern in burnt areas also performs well. Our spatial variations in trends in burnt area ( Supplementary Fig. 6 ) scores of 0.75-0.88 were also better than null models, beating the median null model by approximately the same percentage as our annual average scores.
As well as performing well in spatial patterns and trends in burnt area, our optimized control strength (Figs. 1 and 2 ) and trends (Fig. 3 ) match with field studies and greenhouse experiments. Moisture limits burnt area to 10% at moistures of 29% ± 0.15%, similar to studies of fuel moisture content levels that prohibit fire [57] [58] [59] . Fuel allows 50% monthly burning at 55 ± 0.01% fuel continuity, which equates to roughly 87% of total vegetative cover, equation (3), meaning some limitation is still experienced in forested ecosystems. This is backed up by repeat burn studies that suggest forests can become fuel limited after removal of ground fuel 26, 38 . The eastern United States is shown to be highly limited by, and sensitive to, human suppression ( Fig. 2 and Supplementary Fig. 8 ), in agreement with refs. 21, 60 . We also reproduced the transition from ignition/climate sensitive burnt area in northern and coastal California to fuel sensitive fire regions in southern inland California that has been found other studies 20 . We reproduced the climateinduced drying trend that is causing an increase in fire in western United States 61 ( Fig. 3c,d and Supplementary Fig. 10) Trend analysis. Trends were calculated for burnt area by fitting a simple linear regression model as described in equations (9) and (10) for each month of the year over our time period. We also calculated trends for each control in the same way to assess their effect on burnt area. Because lightning ignition data were provided as a climatology, we only show the effect of population density on ignition trends. Trends were removed from each control, leaving behind just seasonal and interannual variability. The effect of the trend in control i ( ∂Ft ∂xi I ) is the reconstructed burnt area with the control's trend removed:
The difference between this and the reconstructed burnt area including the trend (F in equation (1)) was summed over our study period and normalized between -100% and 100% to describe the maximum possible decrease or increase in burnt area due to trends in the control:
As this measure is normalized to total burnt area over the study period, the time units cancel and the measure is the change in fractional burnt area over the period. Dividing by the number of years in the study period (14 yr) expresses D(x i ) as the change in burnt areas per year in Figs. 3 and 5 . This also forms the basis of a measure of the overall shift in fire regime over the study period (D jAllj  I ). The overall change in our controls was quantified as the Euclidean distance between the potential effect of controls with and without detrending. This was normalized by the maximum possible change in potential limitation (when the change in a given control over our study period is ±1), which is ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi no: controls p ¼ 2 I
. As there are four controls, the change in fire regime is therefore determined by
is equal to 0 if there is no change in controls, 1 if all controls change by the maximum possible and 0.5 if one control changes by its maximum and with equal potential amongst all controls. This is similar to the square chord distance used in fire model evaluations to measure the difference between four items in two different datasets 54, 55 , with the potential limitation of each control taking the place of an 'item' .
A shift in fire regime is described as robust and significant ( Fig. 3c-f) if >95% of ensemble members show a D jAllj I of >0.25 over the study period-equivalent to a 50% shift in burnt area from one control if all other controls stay constant. A given control shows a robust contribution to this shift if >95% of ensemble members agree on the direction of the control's trend, see equation (12) . The control with the largest trend is defined as significant and additional controls are also significant if 90% of ensemble members show a contribution of greater than 10% of the control with the largest trend.
Reporting Summary. Further information on research design is available in the Nature Research Reporting Summary linked to this article.
Data availability
The data that support the findings in this study are available from the corresponding author on request. Data analysis r raster package (1) was used to resample variables onto the same grid. Additionally, gdal (2) was used to merge VCF tiles and regrid to 0.5 degrees. We used Pythons pymc3 (3) and theano tensor (4) All studies must disclose on these points even when the disclosure is negative.
Study description
We describe burnt area as a product of four limiting controls, each of which are represented by a number of variables described by level 3/4 remote sensed and meteorological observations. The importance of each variable, and overall control strength, are optimized using a Bayesian inference technique.
Research sample
The study covers all global land areas, excluding Antarctica. The fuel continuity control is represented by MODIS Vegetation Continuous Fields (VCF) total fractional vegetation cover (1) and potential evapotranspiration (alpha). Fuel moisture control combines VCF tree cover (1), atmospheric drying potential calculated from CRUTS3.23 (2) relative humidity, temperature, wet days and precipitation following (3) , and alpha. alpha is calculated from CRUTS3.23 cloud cover, temperature and precipitation (2) using the STASH model (4). Ignition control combines climatological LIS/OTD lightning flash counts (5) with inter-cloud flashes removed using the technique described by (3), and HYDEv3.1 pasture cover and population density (6) . Human suppression control combines HYDE population density and cropland (6) . VCF was obtained from https://lpdaac.usgs.gov/products/mod44bv006/, CRU data from CEDA (http://catalogue.ceda.ac.uk), HYDE from https://themasites.pbl.nl/tridion/en/themasites/hyde/index.html and LIS from GHRC DAAC (https://ghrc.nsstc.nasa.gov/hydro/details/lohrmc). All variables were re-sampled to a monthly 0.5 degree grid. LIS lightning 12-month climatology was recycled each year.
